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ABSTRACT
In the epoch of the human-induced climate change, seagrasses can
mitigate the resulting negative impacts due to their carbon sequestra-
tion ability. The endemic anddominant in theMediterraneanPosidonia
oceanica seagrass contains the largest stocks of organic carbon among
all seagrass species, yet it undergoes a signiﬁcant regression in its
extent. Therefore, suitable quantitative assessment of its extent and
optically shallow environment are required to allowgood conservation
and management practices. Here, we parameterise a semi-analytical
inversion model which employs above-surface remote sensing reﬂec-
tance of Sentinel-2A to derive water column and bottom properties in
the Thermaikos Gulf, NW Aegean Sea, Greece (eastern Mediterranean).
In the model, the diﬀuse attenuation coeﬃcients are expressed as
functions of absorption and backscattering coeﬃcients. We apply a
comprehensive pre-processing workﬂow which includes atmospheric
correction using C2RCC (Case 2 Regional CoastColour) neural network,
resampling of the lower spatial resolution Sentinel-2A bands to 10m/
pixel, as well as empirical derivation of water bathymetry andmachine
learning-based classiﬁcation of the resulting bottom properties using
the Support Vector Machines. SVM-based classiﬁcation of benthic
reﬂectance reveals ~300 ha of P. oceanica seagrass between 2 and 16
mof depth, and yields very high producer anduser accuracies of 95.3%
and 99.5%, respectively. Sources of errors and uncertainties are dis-
cussed. All in all, recent advances in Earth Observation in terms of
optical satellite technology, cloud computing and machine learning
algorithms have created the perfect stormwhich could aid high spatio-
temporal, large-scale seagrass habitatmapping andmonitoring, allow-
ing for its integration to the Analysis Ready Data era and ultimately
enablingmore eﬃcientmanagement and conservation in the epoch of
climate change.
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1. Introduction
In the epoch of climate change that humanity is traversing, the latter has a silent and
overlooked, yet remarkably eﬃcient, natural ally in mitigating the impacts of the former:
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seagrasses. Lying in depths between 0 – 50 m in all coastal ecosystems worldwide but
Antarctica, seagrasses are marine ﬂowering plants which have been relentlessly absorb-
ing and storing carbon dioxide, the so-called ‘blue carbon’, for millennia (Mateo et al.
1997; Fourqurean et al. 2012). The largest stocks of organic carbon (Corg) among all
seagrasses have been documented in the extensive rhizomes of a single seagrass species
endemic in the Mediterranean Sea: the iconic Posidonia oceanica (Fourqurean et al.
2012). In addition to blue carbon sequestration, the remarkable eﬃciency of P. oceanica
seagrass is attested by an additional plethora of important ecosystem services, namely
coastal erosion buﬀering (Pergent et al. 2012), nursery (Giannoulaki et al. 2013) and
ﬁshing grounds (Nordlund et al. 2017), and bio-indicator (Nordlund et al. 2016).
Regardless of their great ecological value which has rendered them as a conservation
priority of the European Union and of national legislation, P. oceanica beds are facing a
threefold problem. First, they have lost up to 38% of their extent during the last 50 years
(Marbà, Díaz-Almela, and Duarte 2014; Telesca et al. 2015; Tomas, Turon, and Romero
2005). Anthropogenic activities including climate change, coastal artiﬁcialisation, dred-
ging, trawling, anchoring, and eutrophication (Bonacorsi et al. 2013; Jordà, Marbà, and
Duarte 2012; Leriche et al. 2006; Waycott et al. 2009) have mainly caused the observed
regression. Second, P. oceanica has a slow growth rate of 1-4 cm yr−1 which makes any
regression irreversible. Third and last, there is a notable sparsity or absence of data on
the extent of P. oceanica seagrass meadows in the southern and eastern Mediterranean
(Telesca et al. 2015) which impedes any eﬀort to manage and conserve disturbed areas.
Generally, eﬃcient management and conservation of seagrass meadows is explicitly
deﬁned as the Sustainable Development Goal 14 (SDG 14) ‘Conserve and sustainably
use the oceans, seas and marine resources for sustainable development’ in the United
Nations 2030 Agenda for Sustainable Development (UN 2017).
In an opposed and somewhat parallel trend to the declining extent of P. oceanica
seagrass, Earth Observation has grown at an unprecedented pace in terms of remote
sensing technology (i.e. optical satellite sensors), cloud computing, and related developed
models and machine learning algorithms. This combination of recent advances has
created the perfect storm which could aid the high spatio-temporal mapping and mon-
itoring of P. oceanica seagrass―from a small meadow to the whole extent of the
Mediterranean―allowing, in turn, more eﬃcient management and conservation practices.
Remote sensing technology can sense P. oceanica meadows which occupy the
optically shallow seabed where part of the surface reﬂectance contains a bottom signal.
Optically shallow areas comprise one of the most challenging environments for remote
sensing due to the numerous interferences of parameters with the sunlight before this is
detected and measured by a spaceborne sensor. To invert bottom and water column
properties, and then to obtain quantitative information on optically shallow beds, one
has to correct the interferences of the atmosphere, air–water interface and water
column. A number of researchers have developed a range of empirical, semi-, and
analytical solutions to retrieve properties of interest and ultimately untangle the initially
weak bottom signal (Brando et al. 2009; Hedley, Roelfsema, and Phinn 2009; Klonowski,
Fearns, and Lynch 2007; Lee et al. 1998, 1999; Lyzenga 1978, 1981; Mobley et al. 2005).
Numerous studies have utilised satellite imagery to map the extent of optically shallow
P. oceanica seagrass beds (Barillè et al. 2010; Borfecchia et al. 2013; Fornes et al. 2006;
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Matta et al. 2014; Pasqualini et al. 2005; Traganos and Reinartz 2017; Traganos, Cerra,
and Reinartz 2017).
In this study, we evaluate the suitability of the ﬁrst four bands (coastal aerosol, blue, green,
red) of the Copernicus Sentinel-2A multispectral satellite for mapping P. oceanica seagrass
meadows utilising and adapting the semi-analytical inversion model of Lee et al. (1998, 1999)
in the optically shallow context of the Thermaikos Gulf, NW Aegean Sea, Greece (eastern
Mediterranean Sea). Using Random Forest on a multispectral RapidEye time series, Traganos
and Reinartz (2018) have revealed that the extent of P. oceanica seagrass was decreased by
4.1% at a pace of −11.2 ha/yr between 2011 and 2016. We employed the machine learning
algorithm of Support Vector Machines (Vapnik 1995), which has been rarely applied in the
shallow water remote sensing domain, to retrieve the benthic reﬂectance and extent of P.
oceanica beds in the waters of our survey site which feature great transparency and small
depth slope. Furthermore,weutilised theC2RCC (Case2Regional CoastColour) neural network
(Brockmann et al. 2016) to derive water leaving reﬂectances as well as speciﬁc optical water
columnproperties in addition to estimating satellite-derivedbathymetry. As regards to aquatic
applications, Sentinel-2 has been recently used to retrieve water constituents and depth in an
oligotrophic lake (Dörnhöfer et al. 2016), tomeasure retrieve suspendedparticulatematter and
chlorophyll a in an oyster farming site (Gernez, Doxaran and Barillè, 2017), to correct sun glint
over inland and sea waters (Harmel et al. 2018), to qualitatively and quantitatively analyse
remote sensing reﬂectance products (Rrs), essential in the derivations of near-surface water
constituents (Pahlevan et al. 2017), to map the subtidal seagrass extent in two coastal
ecosystems (Mediterranean seagrasses) (Topouzelis et al. 2016; Traganos and Reinartz 2017),
and to estimate satellite-derived bathymetry and country-scale seagrass distribution in the
cloudusing the geospatial platformofGoogle Earth Engine (Traganos et al. 2018a, 2018b). Last
but not least, we also aim to put the ﬁrst stone towards the development of a semi- or
automated, cloud-based mapping and monitoring workﬂow which will integrate seagrass
habitats to the concept of Analysis ReadyData (ARD)where each and every physical change of
related biophysical parameters (i.e. above-ground biomass, carbon sequestration) will be
indexed in the epoch of climate change.
2. Materials and methods
2.1. Study site
The broader study site here contains ~12657 submerged hectares within the southeast
Thermaikos Gulf, NW Aegean Sea, Greece (Figure 1). The prevailing climatic, oceano-
graphic, hydrographic and sedimentological conditions of this gulf, as well as the various
socio-economic activities in its waters have been thoroughly summarised elsewhere
(Traganos and Reinartz 2017). The Thermaikos Gulf is thriving in two types of seagrasses
in depths between 1.4 and 16.5 m: the endemic and dominant in the Mediterranean,
Posidonia oceanica and the Cymodocea nodosa species (Traganos and Reinartz 2017;
Traganos, Cerra, and Reinartz 2017; Traganos and Reinartz 2018).
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2.2. Data
2.2.1. Satellite data
We used Copernicus Sentinel-2A (S2-A) satellite data in the present study. Along with
Sentinel-2B, they comprise a system of twin-polar orbiting satellites, Sentinel-2. The ﬁrst
one was launched on 23 June 2015, while the second one on 7 March 2017. European
Union’s Copernicus programme is the most comprehensive Earth Observation (EO) pro-
gramme up-to-date. With a free, full and open data policy, this EO programme envisages to
tackle global challenges in its six thematic areas: land, marine, atmosphere, climate change,
emergency management and security. The Sentinel-2 constellation carries the MultiSpectral
Imager (MSI) instrument which images the Earth’s surface from amean altitude of 786 km, in
13 spectral bands, from the visible-near infrared (VNIR) to the shortwave infrared (SWIR)
spectrum at 3 spatial resolutions (10, 20, 60m) with a swath width of 290 km. The combined
temporal resolution of the twin satellites is 5 days. Sentinel-2’s radiometric resolution of 12-
bit allows for 4096 brightness levels, which is expected to be beneﬁcial in the delineation of
the lower limit of Posidonia oceanica seagrass and optically deep water.
The characteristics of the processed and analysed S2-A image are displayed in Table 1.
We downloaded the L1C product of the S2A image from the Sentinel Scientiﬁc Data Hub
(https://scihub.copernicus.eu/). The selected L1C product consists of 100 km2 orthorectiﬁed
and spatially co-registered images in Universal Transverse Mercator (UTM)/World Geodetic
Figure 1. Location of survey site within the Thermaikos Gulf and the Aegean Sea, Greece (inset
map). The displayed Sentinel-2A image is a top-of-atmoshpere (toa) 4-3–2 composite in UTM (zone
34) system/WGS84 projection. The depicted bathymetric contours are provided by the Hellenic Navy
Hydrographic Service (HNHS). The displayed waterways are provided by the OpenStreetMap (http://
download.geofabrik.de/europe/greece.html).
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System 1984 (WGS94) projection. The atmospheric correction is conducted with the C2RCC
neural network processor through ESA’s Sentinel toolbox SNAP. This processor depends on
a large database of toa radiances and simulated water leaving reﬂectances to invert the
atmospheric correction spectrum and to retrieve inherent optical properties (IOP) following
the training of neural networks. It employs the Hydrolight model for the in-water modelling
(Mobley 1994) which derives all relevant IOPs at 443-nm wavelengths (S2 coastal aerosol
wavelength). As C2RCC requires all bands in the same resolution, we also used the S2
resampling processor within SNAP, as well, to resample the coarser resolution bands of 60-
and 20-m to 10-m pixel with a bilinear interpolation. In addition to the upsampling, this
approach takes into account the particularities of the Sentinel-2 acquisition angles which
can degrade S2-based image analysis by rendering visible the steps between neighbouring
granules (Gascon et al. 2017).
2.2.2. Field and auxiliary data
The ﬁeld data collection is described in Traganos and Reinartz (2017). We collected points
associated with habitats and corresponding coordinates as well as bathymetric data during
a 4-day survey in July 2016. Based on these data and our survey experience, we manually
digitised polygons on the L1C image, displaying each of the four habitats present in our
survey site (Posidonia oceanica and Cymodocea nodosa seagrasses, sand and photophilous
algae-rocks). As we will discuss in section 2.3.3., these polygons were used to train, cross-
validate and test the herein implemented machine learning classiﬁer of Support Vector
Machines (SVM). In addition to our own acquisition, we utilised bathymetric data from the
Hellenic NavyHydrographic Service (HNHS) to aid the training and validation of the Satellite-
derived Bathymetry (SDB) of the Thermaikos Gulf.
2.3. Methodology
Here, we utilised the semi-analytical inversionmethod of Lee et al. (1998, 1999) and adapted it
to the implemented satellite data and survey site. Based on the quasi-single scattering theory
(Gordon, Brown, and Jacobs 1975), the Hyperspectral Optimisation Process Exemplar (HOPE)
model has served, in turn, as the basis on which several optically shallow water inversion
algorithms have been developed (Brando et al. 2009; Hedley, Roelfsema, and Phinn 2009;
Klonowski, Fearns, and Lynch 2007; Mobley et al. 2005). In HOPE, the remote sensing signals of
the bottom and water column are mathematically separated and expressed by a few para-
meters (e.g. bottom reﬂectance, water depth, and water absorption and backscattering at a
single wavelength). The accuracy of these radiative transfer equations (RTE) always depends
on the required simpliﬁcations which are inherent in their nature.
Table 1. Sentinel-2A image characteristics.
Tile ID
S2A_MSIL1C_20170330T092021_N0204_R093_
T34TFK_20170330T092849
Acquisition date 30 March 2017
Acquisition time 09.20 am UTC
Solar zenith angle 38.75º
Sensor incidence angle 4.29
Sensor altitude 786 km
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Initially, HOPE was developed using Hydrolight (Mobley 1994) to simultaneously derive
water depth, bottom reﬂectance and the various optical water column constituents from Rrs
(above-surface remote sensing reﬂectance) spectra via optimisation. Rrs, deﬁned as the ratio
of the water leaving radiance to downwelling radiance just above the water surface, is the
fundamental parameter upon which all subsequent inversions are based.
In the following paragraphs, we analytically describe how to derive water column and
bottom properties from the atmospherically corrected Sentinel-2 visible bands before
mapping the Posidonia oceanica seagrass meadows of our survey site. Naturally, in contrast
to the 16 bands between 400 and 700 nm used as an environmental input in the develop-
ment of HOPE, we adopted a simpliﬁed approach, tailored to the multispectral band set of
S2; ﬁve S2-A bands in the visible range were utilised (coastal aerosol, blue, green, red and
vegetation red edge bands at central wavelengths of 443.9 (λ1), 496.6 (λ2), 560 (λ3), 664.5 (λ4)
and 740.2 (λ5) nm, respectively. The ﬁrst four bands are the usual suspects in the remote
sensing of optically shallow, coastal waters, as they penetrate deeper into thewater column,
while the vegetation red edge band is used to compensate to a degree for under- or over-
correction of the atmospheric interference. Additionally, we employed the Shortwave
Infrared (SWIR) band 11 (central wavelength: 1613.7 nm) to mask out all terrestrial features.
2.3.1. Terrestrial mask
To further enhance aquatic features, we masked all terrestrial pixels using the resampled
SWIR band 11 at 1610 nm. Xu (2006) showed that the use of bands in the SWIR wavelength
retrieves information from waterbodies with greater accuracy than the use of Near Infrared
(NIR) bands. We applied an Iso Cluster Unsupervised Classiﬁcation on BOA band 11 to
separate terrestrial and aquatic pixels into two classes and subsequently retrieved the latter.
2.3.2. Semi-analytical inversion of water column properties and benthic reﬂectance
2.3.2.1. General description. Remote sensing reﬂectance above surface, Rrs, forms the
basis for the inversion of sub-surface properties like the water column constituents, depth
and bottom reﬂectance. In optically shallowwaters, numerous parameters contribute to the
remotely sensed from a spaceborne sensor Rrs, such as the absorption and backscattering
coeﬃcients of suspended and dissolved matter, water depth and spectral bottom albedo.
For vertically and horizontally homogeneous waters and assuming zero contribution from
the water column inelastic scattering to the water leaving radiance, Rrs is conceptually
summarised here as:
Rrs λð Þ ¼ f a λð Þ; bb λð Þ; ρ λð Þ; H; θw; θv; φ½  (1)
where a(λ) is the absorption coeﬃcient, bb(λ) is the backscattering coeﬃcient, ρ(λ) is the
bottom albedo, Η is the water depth, θw is the sub-surface solar zenith angle, θν sub-
surface sensor viewing angle from nadir, and φ is the viewing azimuth angle from the
solar plane. For brevity, we will omit the wavelength notation for each wavelength-
dependent parameter unless when it is required for clarity.
The resulting reﬂectance Sentinel-2 composite of the atmospheric correction and
resampling is not Rrs, rather than the normalised water-leaving reﬂectance, Rhown which
we converted to Rrs using:
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Rrs ¼ Rhown
π
(2)
Afterwards, we followed the two-fold pre-processing method of Lee et al. (2001), ﬁrst, to
minimise the possible produced noise from low signals in longer wavelengths than 600 nm
(Red and Vegetation red edge bands for the herein used Sentinel-2 band set) and, second, to
compensate for under- or over-correction of the atmospheric interference by C2RCC. The
ﬁrst part was performed by applying a 3x3 low-pass ﬁlter in the two aforementioned bands.
For the second part, if we assume that the product of (2) is Rrs
raw:
Rrs λð Þ ¼ Rrawrs λð Þ  Rrawrs λ5ð Þ
Δ ¼ 0:0001þ 0:02Rrs λ4ð Þ
Rrs λð Þ ¼ Rrs λð Þ þ Δ
(3)
This corrected Rrs is then used to invert sub-surface properties.
Following Hydrolight simulations, Lee et al. (1999) approximated optically shallow Rrs
with φ = 90º as:
Rrs ¼ ζrrs1 Γrrs (4)
where rrs is the sub-surface remote sensing reﬂectance, that is the ratio of the water
leaving radiance to downwelling radiance just below the water surface. The denomi-
nator 1-Γrrs accounts for the internal reﬂection of the air–water interface, while ζ is the
water-to-air divergence factor (Mobley 1994). The eﬀects of the internal reﬂection can be
large in turbid or very shallow waters and thus are retained here due to the existence of
shallow waters (<1 m) in our survey site. We used ζ = 0.5 and Γ = 1.5 after the ﬁndings of
Morel and Gentili (1993) for remote-sensing observation angles.
rrs ¼ rcrs þ rbrs
 rdprs 1 exp 
1
cos θwð Þ þ
Dcu
cos θνð Þ
 
κH
  
þ 1
π
ρ exp  1
cos θwð Þ þ
Dbu
cos θνð Þ
 
κH
 
(5)
with
rrs
dp, the sub-surface remote sensing reﬂectance for optically deep waters equalling
here:
rdprs  0:084þ 0:170uð Þu (6)
with
u ¼ bb
aþ bb (7)
DCu  1:03 1þ 2:4uð Þ0:5; and Dbu  1:04 1þ 5:4uð Þ0:5 (8)
and,
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κ ¼ αþ bb (9)
a ¼ aw þ aphy þ ag (10)
bb ¼ bbw þ bbp (11)
In the above-given set of equations, Du
c and Du
b are the optical path-elongation factors
for water column and bottom photons, respectively, and are approximated as in Lee
et al. (1999). Additionally, κ is the attenuation coeﬃcient, aw is the absorption coeﬃcient
of pure seawater, aphy is the absorption coeﬃcient of phytoplankton pigments, and ag is
the absorption coeﬃcient of gelbstoﬀ and detritus. Additionally, bbw is the backscatter-
ing coeﬃcient of pure seawater and bbp is the backscattering coeﬃcient of suspended
particles. Both u in Equation (7) and κ in Equation (9) are inherent optical properties and
altogether, the combination of Equations (5)-(11) provides the expression for Rrs.
The left term in Equation (6) comprises the path radiance contribution originating in
optically deep waters without any bottom signal, while the right term expresses the
bottom contribution following attenuation by the two-way path throughout the water
column.
2.3.2.2. Parameterisation. We employed the described model of Equation (5) to solve
for the benthic reﬂectance, rrs
b. The retrieval of such sub-surface properties requires the
spectral decomposition of Equation (5). As we utilised Sentinel-2A’s bands 1-4 in 10-m
resolution for all subsequent calculations, Equation (5) is:
Rrs λ4ð Þ ¼ f aw λ4ð Þ; aphy λ4ð Þ; αg λ4ð Þ; bbw λ4ð Þ; bbp λ4ð Þ; rbrs λ4ð Þ; H
 
Rrs λ1ð Þ ¼ f aw λ1ð Þ; aphy λ1ð Þ; αg λ1ð Þ; bbw λ1ð Þ; bbp λ1ð Þ; rbrs λ1ð Þ; H
 
Rrs λ2ð Þ ¼ f aw λ2ð Þ; aphy λ2ð Þ; αg λ2ð Þ; bbw λ2ð Þ; bbp λ2ð Þ; rbrs λ2ð Þ; H
 
Rrs λ3ð Þ ¼ f aw λ3ð Þ; aphy λ3ð Þ; αg λ3ð Þ; bbw λ3ð Þ; bbp λ3ð Þ; rbrs λ3ð Þ;H
 
(12)
To invert Equation (12) and obtain rrs
b, we implemented an additional series of empirical
and semi-analytical equations to mathematically solve for the unknowns and ultimately
derive the bottom properties. It is important to note here that we slightly adapted
equations, when needed, to match the central wavelengths of Sentinel-2A bands.
The absorption coeﬃcient of phytoplankton pigments, aphy(λ), is estimated using the
single-parameter model of Lee (1998):
aphy λð Þ ¼ ½αo λð Þ þ α1 λð Þ ln aphy λ1ð Þ
 
aphy λ1ð Þ (13)
with aphy(λ1) yielded by C2RCC processor. Empirically derived values of ao and a1 were
taken from Table 2 of Lee et al. (1999).
Following Bricaud, Morel, and Prieur (1981) and Carder et al. (1999), the absorption
coeﬃcient of gelbstoﬀ and detritus, ag(λ) is:
ag λð Þ ¼ ag λ1ð Þe0:015 λ440ð Þ (14)
with ag(λ1) also estimated by C2RCC.
The backscattering coeﬃcient of suspended particles, bbp(λ) equals:
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bbp λð Þ ¼ bbp λ2ð Þ 550
λ
 Y
(15)
with
bbp 560ð Þ ¼ 8Rrs λ4ð Þ (16)
after Dekker et al. (2011). Y expresses the spectral shape parameter of particle back-
scattering. We used the default value of 0.5 for all the pixels here (Lee et al. 2001).
2.3.2.3. Satellite-derived bathymetry (SDB). The ﬁnal unknown to be determined
before the inversion of bottom reﬂectance is the water depth, H. Estimations of bathymetry
in optically shallow waters is vital to decrease reﬂectance changes which are attributed to
variable depth and water column attenuation. Derivation of bathymetry over dense P.
oceanica seagrass beds can be challenging due to their small reﬂectance, caused by shading
within the canopy (Dekker et al. 2006), which often render the beds to reﬂect less light than
the neighbouring optically deep waters. In addition, these beds may appear deeper than a
seabed of higher reﬂectance (e.g. sand) at the same true depth. Researchers have tradition-
ally derived bathymetry using empirical regression of satellite band ratios (Dierssen et al.
2003; Lyzenga 1978; Mishra et al. 2005; Stumpf, Holderied, and Sinclair 2003; Traganos and
Reinartz 2017). Empirical SDB approaches are valid only within the extent of their applied
survey site, requires less data processing, however they are expected to be less accurate
than semi-analytical and analytical approaches (Brando et al. 2009; Hedley, Roelfsema, and
Phinn 2009; Klonowski, Fearns, and Lynch 2007; Lee et al. 1999; Mobley et al. 2005).
Site-speciﬁc, empirical SDB algorithms exploit the assumption that the ratio of
attenuation coeﬃcients for a pair of two bands remains the same independent of the
bottom type and water depth (Lyzenga 1978). Here, we regressed the log-transformed
ratio of sub-surface remote sensing coastal aerosol and green reﬂectance, after Equation
(5), against in situ measured depths to develop an exponential relationship:
H ¼ 0:4102e1:3814x (17)
Table 2. Accuracies of classiﬁed reﬂectance composites.
Reﬂectance Number of folds Number of bands OA (%) SE (%) Habitat PA (%) SE (%) UA (%) SE (%)
R toa 6 3 98.81 0.55 NON-PO 99.68 0.22 98.42 0.56
PO 97.40 6.15 99.47 0.32
R hown 6 3 97.42 0.84 NON-PO 99.68 0.24 96.28 0.84
PO 93.75 7.43 99.45 0.33
R raw rs 6 3 96.83 0.87 NON-PO 99.04 0.31 95.96 0.88
PO 93.23 7.76 98.35 0.57
R rs 6 3 97.42 0.84 NON-PO 99.68 0.24 96.28 0.84
PO 93.75 7.47 99.45 0.33
r rs 6 3 97.42 0.84 NON-PO 99.68 0.24 96.28 0.84
PO 93.75 7.43 99.45 0.33
r b rs 6 3 98.02 0.73 NON-PO 99.68 0.23 97.19 0.74
PO 95.31 6.58 99.46 0.33
OA is overall accuracy, SE is standard error, PA is producer accuracy and UA is user accuracy. PO represents P. oceanica
seagrass, while NON-PO represents all other merged classes.
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x ¼ ln rrs λ1ð Þ
rrs λ3ð Þ
 
(18)
which explained >86% of the variation (p < 0.001) in estimated bathymetry in 43 points
(Figure 2) between 0.8 and 25 m with a root-mean-square error (RMSE) of 2.2 m. It is
noteworthy that from the 43 points, 2 were over rocky seabed with algae, 4 over
Cymodocea nodosa seagrass, 18 over sand, and 19 over Posidonia oceanica seagrass. We
employed Equation (17) to estimate H pixel-wise for the optically shallow extent of our
survey site, an extent taken from the observations of Traganos and Reinartz (2017). To
remove any potential noise resulting from the band rationing, we applied a 5x5 median
ﬁlter on the SDB result. Finally, we validated the median ﬁltered SDB using 22 additional in
situ depth estimations.
2.3.3. Machine learning-based classiﬁcation of Posidonia oceanica seagrass beds
Following the correction of Sentinel-2A bands 1-4 to the benthic reﬂectance as if the
satellite MSI instrument was directly sensing the seabed, we applied the machine learning
classiﬁer of Support Vector Machines (SVM) at all six stages of reﬂectance correction (Rtoa,
Rhown, Rrs
raw, Rrs, rrs, rrs
b) to map the per-pixel distribution of P. oceanica seagrass meadows
in our survey site and test the contribution of each one of the correction steps. SVM are a
group of theoretically superior, universal machine learning algorithms based on the
statistical learning theory (Vapnik 1995). The aim of SVM is to diﬀerentiate two classes by
ﬁtting an optimal hyperplane to the training data of each class in a multi-dimensional
space. Support vectors are the data points closer to the separating hyperplane, and they
Figure 2. Exponential regression between the log-transformed ratio of sub-surface remote sensing
coastal aerosol (443.9 nm) and green (560 nm) reﬂectances, and in situ measured bathymetry from
the Thermaikos survey site. The displayed exponential algorithm was used to empirically derived
bathymetry in the present study.
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are the only ones which deﬁne it. Researchers have employed eﬃciently SVM to solve both
linear and, more signiﬁcantly, non-linear classiﬁcation problems. In the latter case, the use
of a kernel function in a higher dimensional feature space classiﬁes more accurately the
training data by the better ﬁt of a linear hyperplane to the new data distribution. In this
study, we utilised the Gaussian radial basis function kernel (RBF):
K xi; xj
 	 ¼ exp gxi  xj2 	 (19)
where g deﬁnes the width of the RBF and xi and xj represent feature vectors. Moreover,
one has to also specify the regularisation parameter C, which regulates the degree of
acceptable misclassiﬁcation errors, hence limiting the inﬂuence of particular support
vectors. We also conducted a two-dimensional grid search inside a preset range to ﬁnd
an optimal pair of values for g and C. The accuracy of this grid search is monitored
internally by the k-fold cross-validation.
To classify, validate and test the presence of P. oceanica seagrass, we split our initially
chosen 2510 pixels (in the forms of polygons), comprising 1.45% of the whole amount of
image pixels, into three parts: (a) the training set, where we parameterised multiple SVM
algorithms, (b) the cross-validation set, where the parameterised algorithms of (a) were
cross-validated based on their performance, with the best performing being chosen, and
ﬁnally, c) the test set, where the best performing SVM algorithm was tested for its accuracy
on the whole image. Both the training and cross-validation set contained 80% of the 2510
pixels with the number of cross-validation folds, k, determining the ﬁnal amount of both
sets. For example, if k is 4, then with the 80% of the pixels allocated for the training and
cross-validation phase, the latter will employ 20% (80/4) for every internal cross-validation,
while the former will employ the remaining 60%. The test set used the remaining 20% of
the pixels. Following Finally, we ran all SVM experiments using the LIBSVM library (Chang
and Lin 2013) in EnMAP-Box (van der Linden et al. 2015).
We evaluated the SVM classiﬁcation results (presence/absence of P. oceanica seagrasses)
using overall (OA), producer (PA) and user accuracies (UA) per class. While PA is an
important statistical metric for the scientist who creates the habitat map, UA is more vital
towards themanagement of the region under study as it provides a quantitative probability
of the actual presence of a mapped habitat in this region i.e. P. oceanica seagrass beds.
3. Results
3.1. Water column properties
The ﬁrst step towards the retrieval of bottom properties and the mapping of the extensive
Posidonia oceanica seagrass meadows in the waters of the Thermaikos Gulf was the pixel-
wise inversion of water column properties from a Sentinel-2A satellite image, sensed on the
30 March 2017. In the implemented semi-analytical inversion for optically shallow waters
(Lee et al. 1998, 1999), both downward and upward diﬀuse attenuation coeﬃcients, are
explicitly expressed as functions of the absorption, a, and backscattering, bb, coeﬃcients.
As regards to individual absorption coeﬃcients, for a solar zenith angle of 38.75º and a
wind speed of approximately 0.9m s−1, aphy(λ1), the absorption coeﬃcient of phytoplankton
pigments at the coastal aerosol wavelength of S2-A, employed to estimate aphy at all other
herein used wavelengths, ranged between 0 and 1.84 m−1 in the optically shallow waters of
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the Thermaikos Gulf (Figure 3(a)). The absorption coeﬃcient of gelbstoﬀ and detritus at
443.9 nm, ag(λ1), used to derive ag at all other used wavelengths (Equation 14), spanned the
0–5.52 m−1 range (not shown here). Along with aw, absorption coeﬃcient of pure seawater,
values of 0.0075 m−1, 0.0191m−1, 0.0619m−1 and 0.429m−1 at the respective, ﬁrst four S2-A
band wavelengths, we calculated the total absorption coeﬃcients, a after Equation (9),
which were 0.01–5.53 m−1 at 443.9 nm, 0–6.5 m−1 at 496.6 nm, 0.062–1.09 m−1 at 560 nm,
and, ﬁnally, 0.43–1.94 m−1 at 664.5 nm.
On the other hand, concerning individual backscattering coeﬃcients, bbp(λ3), the back-
scattering coeﬃcient of suspended particles at the green S2-A wavelength, whichwas utilised
in Equation (15) to derive all other bbp (Figure 3(b); Equation (16)) ranged between 0 and
0.12m−1. With estimated bbw values of 0.0037m
−1, 0.0023m−1, 0.0014m−1 and 0.0006 m−1 at
respective S2-A coastal aerosol, blue, green and redwavelengths (Morel 1974), we derived the
total backscattering coeﬃcients, bb after Equation (11), between 0.01 and 0.14 m
−1 at 443.9
nm, 0–0.13 m−1 at 496.6 nm, 0–0.12 m−1 at 560 nm, and, ﬁnally, 0–0.11 m−1 at 664.5 nm.
Following estimations of both absorption and backscattering coeﬃcients, we derived
their pixel-wise sum, κ, attenuation coeﬃcient in the optically shallow extent of the
Thermaikos Gulf, which ranged between 0.01 and 5.58 m−1 at 443.9 nm (Figure 3(c)), 0–
6.49 at 496.6 nm (produced by C2RCC), 0.06–1.2 nm at 560 nm, and 0.43–2.04 at 664.5 nm.
In addition to κ, calculation of a and bb, yielded u, an important inherent optical parameter,
after Equation (7), towards the derivation of both the ranges of optical path-elongation factors
for water column and bottom photons, Du
c and Du
b, respectively (Equation 8) and rrs
dp, the
sub-surface remote sensing reﬂectance for optically deep waters (Equation 6). The values of
Du
c andDu
bwere 1.03–2.14 and1.4–3.03 in all bands, correspondingly.Median rrs
dp values over
96581 optically deepwater pixelswere 0.05 sr−1, 0.007 sr−1, 0.004 sr−1 and 0.0006 sr−1 at coastal
aerosol, blue, green and red central wavelengths, respectively.
3.2. Satellite-derived bathymetry
We used the site-speciﬁc exponential algorithm of Equations (17)&(18) to empirically
derive pixel-wise bathymetry, H, of the optically shallow extent of our survey site in the
Thermaikos Gulf (Figure 4); the mean depth of the Gulf is 10.98 m. We validated the 5x5
median ﬁltered SDB using 22 in situ measurements (of the initial 65 points). These
measurements revealed a coeﬃcient of determination (R2) value of 0.48 with an RMSE
of 3.67 m over the whole optically shallow extent (Figure 5).
3.3. Benthic reﬂectance
Employing Equations (5)-(18), we performed the pixel-wise, semi-analytical inversion of
bottom properties, videlicet, water column correction, of the 10m/pixel coastal aerosol,
blue, green and red S2-A bands in the optically shallow waters of the Thermaikos Gulf. This
mixture of empirical and semi-analytical equations derived optical water column constitu-
ents and water depth per pixel which were used in turn as inputs to output pixel-wise
bottom reﬂectance, rrs
b, in 173559 pixels (Figure 6(a)). The retrieved rrs
b were 0–0.02 sr−1 at
443.9 nm, 0.001–0.04 sr−1 at 496.6 nm, 0.005–0.076 sr−1 and 0.01–0.04 sr−1 at 664.5 nm over
all optically shallow habitats.
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Figure 3. Examples of retrieved inherent parameters from both C2RCC and the herein parameterised
HOPE (Lee et al. 1999) model in the Thermaikos Gulf (see Figure 1). (a) Absorption coeﬃcient of
phytoplankton pigments at 443.9 nm, (b) Backscattering coeﬃcient of suspended particles at 560 nm,
(c) Attenuation coeﬃcient at 496.6 nm.
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Figure 4. 5x5 median-ﬁltered, Satellite-derived bathymetry (H) of the Thermaikos Gulf (see Figure 1)
based on the empirical regression of Equations (17)-(18) shown in Figure 2. The displayed extent
follows the application of an optically shallow mask until 16 m after Traganos and Reinartz (2017).
Figure 5. Validation of the Satellite-derived Bathymetry (H) shown in Figures 2 and 4. H was utilised
in Equation (5) to invert bottom reﬂectances.
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3.4. Machine learning-based classiﬁcation of Posidonia oceanica seagrass beds
Figure 6 shows the classiﬁed by SVM reﬂectances (3-band composites, 6-fold cross valida-
tion) of P. oceanica seagrass meadows at the bottom reﬂectance stage. The respective
accuracy assessment is provided in Table 2. In terms of all stages of reﬂectance correction,
however, the best performing classiﬁcation was surprisingly the Rtoa composite with an
overall accuracy of 98.8% (0.55% standard error), and PO producer and user accuracy of
97.4% and 99.47%, respectively. It was followed by rrs
b which featured decreasedOA, PA and
UA of 0.79% (lower 0.15% standard error), 2.09% and 0.01%, respectively. We observe that
the raw above-surface remote sensing reﬂectance, Rrs
raw exhibited the lowest accuracies,
while in comparison, the corrected for atmospheric interference one, Rrs, and the sub-
surface remote sensing reﬂectance, rrs were both 0.59%, 0.52% and 1.1% more accurate in
terms of OA, PA and UA, correspondingly.
Following the elaboration on the split between training and cross-validation data in
the second paragraph of 2.3.3., the 6-fold cross-validation means that from the 80% of
the data which were allocated for training and cross-validating the individual SVM
algorithm, 67% was used for the former and the remaining 13% for the latter step.
Optically shallow remote sensing of the Thermaikos Gulf using Sentinel-2A imagery
revealed eight dense P. oceanica seagrass meadows which cover an area of ~300 ha
between 2 and 16 m. PO beds, therefore, occupied 17.3% of the optically shallow extent
of the survey site.
Given herein implemented polygons for the machine learning-based classiﬁcation of
P. oceanica seagrass habitat, we extracted 320 pixel values over this particular habitat
Figure 6. Machine-learning-based classiﬁcation of P. oceanica seagrass―shown in green in panel
(b)―bottom reﬂectances. Accuracy assessment is shown in Table 2.
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from all the produced reﬂectance composites of the present study (e.g. Rtoa, Rhown, Rrs
raw,
Rrs, rrs, rrs
b) (Figure 7). We show Figure 7 to aid understanding of the spectral behaviour
of P. oceanica-vegetated seabed across the relevant to optically shallow remote sensing
spectrum and relevant corrections. There are several notable characteristics in Figure 7:
(1) All corrections between the toa and bottom layers featured a reﬂectance peak at
496.6 nm and decay towards the 664.5-nm wavelength.
(2) The benthic reﬂectance of PO peaked at 560 nm, while was nearly equal at the S2-
A blue and red central wavelengths.
(3) rrs
b ranged from 0.03% of the Rtoa at the coastal aerosol wavelength to 2.1% of it
at the green wavelength.
(4) PO reﬂectances at all levels were lower than 12.7% of the initial remote sensing
signal.
We also show the mean reﬂectance of Posidonia oceanica seagrass and other co-existing
habitats (Cymodocea nodosa seagrass, photophilous algae and deep water) for the
produced reﬂectance composite of rrs
b) (Figure 8). Habitats in our survey site exhibited
diﬀerent peaks, troughs and variable reﬂectance across the Sentinel-2 bands which
allows their more accurate machine learning-based discrimination.
Figure 7. Mean spectral reﬂectances (plus standard deviation) over 320 pixels of classiﬁed as P.
oceanica seagrass beds for the four ﬁrst bands of Sentinel-2A (all in 10m/pixel resolution) for all the
estimated products in the present study. Description of reﬂectance denominators are provided in
section 2.3.2. The secondary y-axis displays reﬂectance values only for the Rtoa.
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4. Discussion
Our main objective in this study was to evaluate the suitability of the Sentinel-2 satellite to
quantitatively derive benthic reﬂectance as well as the distribution of the endemic and
dominant in the Mediterranean P. oceanica seagrass meadows between 0–16m in 1736
optically shallow hectares of the Thermaikos Gulf, NW Aegean Sea, Greece. To reach our
objective, we employed a methodological workﬂow which included atmospheric and air–
water interface correction, resampling of the implemented lower resolution Sentinel-2 bands,
satellite-derived bathymetry using an empirical site-speciﬁc ratio, semi-analytical inversion of
optical water column constituents and bottom reﬂectance (Lee et al. 1998, 1999) and, ﬁnally,
the machine learning algorithm of Support Vector Machines (Vapnik 1995).
4.1. Sentinel-2 suitability for P. oceanica seagrass mapping
Ideally, mapping approaches in optically shallow waters, as the herein studied site, should
involve suitable atmospheric, air–water interface and water column corrections to derive
bottom reﬂectance prior to the classiﬁcation step. Here, the SVM classiﬁer on S2-A coastal
aerosol, blue, green red bottom reﬂectances showed a very high producer accuracy of
97.4% and user accuracy of 99.47% on a two-class problem (presence or absence of P.
oceanica beds) with an RBF kernel and a 6-fold cross-validation. SVM yielded more accurate
results following classiﬁcation of the Rtoa composite, namely prior to any correction of the
reﬂectance, while the classiﬁed benthic reﬂectance composite, Rrs
b yielded the second best
observed accuracies. This observation raises questions about the necessity of correcting the
top-of-atmosphere to the benthic reﬂectance when one does not need accurate retrieval of
the latter―in contrast to the case of forward modelling or existence of accurate ﬁeld data
for optimisation approaches― rather than an accurate classiﬁcation of the extent of benthic
habitat. We assume that application of the same workﬂow on a diﬀerent Sentinel-2 or other
Figure 8. Mean spectral reﬂectances of the classiﬁed habitats for the four ﬁrst bands of Sentinel-2A
(all in10m/pixel resolution) for bottom reﬂectance product. PO and CN represent Posidonia oceanica
and Cymodocea nodosa seagrasses, respectively.
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multispectral/hyperspectral imagewould produce increasing eﬃciency from stages 1 to 6 of
the successive reﬂectance corrections. Nevertheless, the herein utilised workﬂow for P.
oceanica mapping produced accuracies (OA, PA, UA) greater than 93% at all stages of
reﬂectance correction (Table 2).
The small misclassiﬁcation between the two classes could be attributed to mixed pixels
of any of the three following types: a) P. oceanica seagrass and sand (near or on top of
seagrass canopy), (b) P. oceanica and Cymodocea nodosa seagrass, which is also studied near
the meadows of the former (Traganos and Reinartz (2017), and c) P. oceanica seagrass and
optically deep seabed due to the low reﬂectance of the former and the inclusion of the latter
in the implemented optically shallow mask here. We applied the optically shallow mask
following previous ﬁndings concerning the depth range of P. oceanica presence (Traganos
and Reinartz 2017). More accurate approaches as the Substratum Detectability Index
implemented in the SAMBUCA semi-analytical model (Brando et al. 2009) could have
provided better discrimination between optically shallow and deep pixels, and thus map-
ping of the aquatic habitats in study. Polygons utilised for training, cross-validation and test
of SVM were extracted by interpretation of the presence/absence of P. oceanica seagrass
meadows on the processed S2-A imagery.
In this study, we paired the machine learning of SVM with the semi-analytical model
of HOPE to retrieve the benthic extent of seagrass in a Mediterranean Gulf with
neighbouring habitats of high variation in their reﬂectance (shallow sands of high
reﬂectance to deep seagrasses of low reﬂectance). Modifying the benthic reﬂectance
parameterisation of HOPE, BRUCE semi-analytical model (Klonowski, Fearns, and Lynch
2007) retrieves benthic cover of three substrates (seagrass, sediment and brown algae)
along with bathymetry by spectral matching of modelled and image reﬂectances. While
we did not test the applicability of BRUCE model and/or compare it to the SVM
approach here, we expect the adaption and estimation of four-component bottom
reﬂectance fractions to improve accuracies of our methodological workﬂow.
In general, machine learning-based mapping approaches in the remote sensing of
optically shallow habitats are rare. In one of these SVM and RF (Random Forests)-based
approaches, also directly comparable to the present study, due to the same underwater
setting (Thermaikos Gulf) and satellite imagery, the best observed accuracies were some-
what similar (94.4% overall accuracy, 100% producer accuracy, 94.8% user accuracy), albeit
using an almost 10-fold smaller set of training and test pixels (228 vs 2510 pixels here) in a
smaller optically shallow extent (three vs eight meadows here). This last observation about
the amount of training data comes in line with the ﬁndings that SVM deﬁne well the
hyperplane even from a small number and/or data quality (Mountrakis, Im, and Ogole
2011). SVM deﬁnes the hyperplane allocating only the support vectors from the whole
amount of the training data. To achieve higher accuracies, therefore, one has to select
suitable data points which are likely to be support vectors rather than a large data set. This is
exempliﬁed by the observed ratios of support vectors to the total amount of training data in
use in our study and the study in comparison (Traganos and Reinartz 2017). In our approach,
only 4.7% of the training data in use are support vectors, while in the latter the respective
ratio is 45.9% on a nearly 25 times smaller training set. It is noteworthy that the training data
set in our study consisted of polygons (set of pixels) rather than individual pixels as in
Traganos and Reinartz (2017).
18 D. TRAGANOS AND P. REINARTZ
In another application in the same coastal environment of the Thermaikos Gulf, SVM
yielded an overall accuracy of 68.1%, producer accuracy of 95.1%, and a user accuracy of
70.9% using Planet’s multispectral CubeSat-derived imagery and the empirical water col-
umn correction of Lyzenga (1978) (Traganos and Reinartz 2017). This highlights the issue of
SVM with noisy data, such as the Planet’s CubeSat-derived imagery over coastal areas, as
they are algorithms not optimised to deal with this problem (Mountrakis, Im, and Ogole
2011). SVM performance in Traganos, Cerra, and Reinartz (2017) increased by the use of the
Unmixing-based Denoising (UBD) which has also shown remarkable improvements in
hyperspectral scenes over coastal waters (Cerra et al. 2013, 2017). Elsewhere, Eugenio,
Marcello, and Martin (2015) employed SVM algorithm with an RBF kernel in a similarly
parameterised radiative transfer model to ours to map benthic habitats on a WorldView-2
with an overall accuracy of 73% in a depth range between 0–25m.
4.2. Sentinel-2 suitability for inverting water column properties, bathymetry and
benthic reﬂectance in optically shallow waters
The initial model-driven spectral optimisation technique of HOPE (Lee et al. 1998, 1999)
simultaneously retrieves optical water column properties and water depth. Here, we
simpliﬁed its radiative transfer equations to derive water column and bottom properties
from a Sentinel-2 image, while we estimated bathymetry using an empirical regression.
The simpliﬁcation is required due to the limited spectral bands of S2 in comparison to
the initially 16 bands between 400-700 nm implemented in the development of HOPE.
Moreover, the central wavelengths of S2 bands are slightly diﬀerent than the utilised
wavelengths in the initial radiative transfer equations (e.g. 560 nm for S2-A band 3 vs
550 nm in the bbp(λ3) coeﬃcient) which is expected to be a source of error here. Lack of
relevant in situ data constrained the assessment of the retrieval error of resulting water
column and bottom properties―produced either by C2RCC or the empirical equations.
As regards to the atmospheric and in-water processor C2RCC, it is mainly used as the
ground segment processor of the Sentinel 3 OLCI for generating Case 2 water-related
products and also in the MERIS 4th reprocessing. Toming et al. (2017) has utilised it to
map water-leaving reﬂectance, IOPs and water quality parameter (e.g. chlorophyll a,
suspended matter and dissolved organic matter) in the optically complex Baltic Sea from
Sentinel-3 data; they reported realistic spectra for the yielded water leaving reﬂectance
in contrast to bad correlations of the IOPs and water quality parameters with in situ data.
Concerning the optical water column properties, derived κ(λ2) (Figure 3(c)) by C2RCC
displayed higher values (maximum of 6.49 m−1) and much greater variation in the
optically shallow waters of the Thermaikos Gulf near the terrestrial part than the bottom
portion of the Sentinel-2 image which comprise optically deep waters. Τhis behaviour is
normal as κ is the sum of a, the total absorption coeﬃcient and bb, the total back-
scattering coeﬃcient, and these optical parameters tend to be higher and to strongly
vary near the terrestrial side due to the river runoﬀ (Figure 1) and higher backscattering
of possibly suspended sand particles of the underlying seabed. Additionally, the mean κ
(λ2) of 0.044 m
−1 is somewhat lower than the image-derived 0.067 m−1 of Traganos and
Reinartz (2017) for the same waters. All in all, the existence of relevant ﬁeld data could
further resolve the accuracy of the produced parameters by C2RCC.
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Regarding the satellite-derived bathymetry, H, we estimated a 10-m pixelwise bathyme-
trymap of our survey site using an empirical regression between the super-resolved to 10m/
pixel coastal aerosol and the green sub-surface remote sensing reﬂectance, rrs. We utilised
the coastal aerosol instead of the previously implemented blue band (Traganos and Reinartz
2017) to exploit its greater penetration in the optically shallow water column. Studies
related to SDB approaches have shown that sensors with bands centred around 443 nm
yield more accurate results in contrast to those lacking a similar spectral band (Collin et al.
2012; Pacheco et al. 2015). On the other hand, we should note two inherent issues in
empirical SDB approaches over optically shallow environments with dense seagrass mea-
dows as in the Thermaikos Gulf. The ﬁrst issue is related to the contribution of the under-
lying low reﬂectance of seagrass to the SDB which is apparently large. This issue is two-fold:
a) First, it causes an overestimation of SDB due to the somewhat failure of the herein
implemented ratio to minimise seagrass contribution, and (b) As we implemented an
optically shallow mask between 0–16m, following the ﬁndings of Traganos and Reinartz
(2017), this is expected, according to point (a), to include optically deep pixels in the mask
which could cause misclassiﬁcation in the detection of P. oceanica seagrass due to the
marginal diﬀerence between the beds of the latter and neighbouring optically deep waters.
The second issue is more general and is related to the inherent errors due to the simple
nature of the empirically derived bathymetry in comparison to more sophisticated semi- or
analytical derivations. Nonetheless, the empirical approach provides a time- and cost-
eﬃcient way for estimating SDB given existence of a set of accurate in situ bathymetry
measurements (Dierssen et al. 2003; Stumpf, Holderied, and Sinclair 2003).
Finally, concerning the suitability of Sentinel-2A to invert benthic reﬂectances, quan-
titative assessment (Figure 7) reveals that our processing chain succeeded in retrieving
the characteristic spectrum shape for seagrass species presented elsewhere (Fyfe 2003;
Thorhaug, Richardson and Berlyn, 2005). In contrast to the correct spectral shape, the
magnitude at all four herein wavelengths was nearly ten-fold less at 443.9 nm, 50%
lower at 496.6 nm, seven times less at 560 nm, and nearly twice as low at 664.5 nm in
comparison to the reported magnitudes of Thornhaug, Richardson and Berlyn (2005).
Inversion methods like the algorithm of Lee et al. (1998, 1999) may produce incorrect
results due to uncertainties related to the estimation of certain parameters, uncertainties
that propagate to the output. Moreover, the assumption of horizontal homogeneity of
optical water column parameters by HOPE could produce inaccurate results (Lee et al.
2007). Also, pre-processing steps like the selected atmospheric and sun glint corrections
could possibly impact HOPE results (Goodman and Ustin, 2007).
A few studies have used the inversion scheme of HOPE to accurately derive water column
and bottom properties, and water depth simultaneously (Goodman and Ustin 2007; Lee et al.
2001, 2007; Mishra et al. 2005). Goodman and Ustin (2007) employed a hyperspectral AVIRIS
imagery of Kaneohe Bay, Hawaii to examine impacts of pre-processingmethods (atmospheric
and sunglint correction) on aHOPE-based retrieval of four bottom types (sand, coral, algae and
ﬂat spectrum). Lee et al. (2001) used the same type of hyperspectral imagery over Tampa Bay,
Florida in a HOPE implementation over two types of bottom: sand and seagrass. Finally, Lee
et al. (2007) successfullymapped optical parameters, bottom reﬂectance and bathymetry over
a single sandy bottom using EO-1 Hyperion data over Looe Key, Florida, while Mishra et al.
(2005) mapped sand, seagrass and corals at the Roatan Island, Honduras using a simpliﬁed
version of HOPE adapted to IKONOS data to derive an overall accuracy of 80.6%.
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4.3. Seagrasses in the epoch of Analysis Ready Data (ARD) and climate change
In the human-induced climate change era, seagrasses should be awarded a more central
role mainly due to their ability to act as a natural carbon capture technology (Fourqurean
et al. 2012). There are existing gaps as regards to the large-scale quantiﬁcation of the CO2
absorption by seagrasses. This is immediately related to SDG 13 (‘Take urgent action to
combat climate change and its impacts’) and SDG 14 (‘Conserve and sustainably use the
oceans, seas and marine resources for sustainable development’) (UN 2017). To achieve
both these goals, and thus to derive quantitative information on the carbon absorption and
other biophysical parameters indicative of seagrass ecosystem services and health, remote
sensing can be one of the most vital elements in the toolbox of ocean science. This is
attributed to the capability of the remote sensing technologies to time- and cost-eﬃciently
measure numerous parameters in a non-intrusive manner and high spatio-temporal scale.
Recent advances in the development of new multispectral satellites (i.e. Sentinel series,
Landsat-8, WorldView series, Planet’s Doves), cloud computing platforms (the already
launched Google Earth Engine and the soon-to-be-launched DIAS-Copernicus Data and
Information Services), machine and deep learning algorithms could all aid high spatio-
temporal, large-scale mapping and monitoring of seagrass habitats (Traganos et al. 2018b)
which would galvanise two things: a) better management and conservation practices, and
(b) the integration of seagrasses to the epoch of Analysis Ready Data (ARD) and sensor-
agnostic approaches where satellite data will be already pre-processed to an already high
scientiﬁc standard and oﬀered as science-ready data immediately after being imaged by a
single sensor (Catapult 2017; Collison andWilson 2017; Landsat 2017) or bymultiple sensors
(Descartes Labs 2017). These approaches will decrease the required processing time of
satellite data, will increase their usability by a greater number of non-remote sensing experts
and will ﬁnally enable physical change of relevant parameters to seagrass habitats and
coastal ecosystems to be indexed much alike how Google has indexed the Internet.
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